Most human genes are thought to express different transcript isoforms in different cell types; however, the full extent and functional consequences of polymorphic transcript variation (PTV), which differ between individuals within the same cell type, are unknown. Here we show that PTV is widespread in B-cells from two human populations. Tens of thousands of exons were found to be polymorphically expressed in a heritable fashion, and over 1000 of these showed strong correlations with single nucleotide polymorphism (SNP) genotypes in cis. The SNPs associated with PTV display signs of having been subject to recent positive selection in humans, and they are also highly enriched for SNPs implicated by recent genome-wide association studies of four autoimmune diseases. From this disease-association overlap, we infer that PTV is the likely mechanism by which eight common polymorphisms contribute to disease risk. A catalog of PTV will be a valuable resource for interpreting results from future disease-association studies and understanding the spectrum of phenotypic differences among humans.
The splicing of introns out of pre-mRNAs to create mature mRNAs is an incredibly complex process. Hundreds of proteins and several small nuclear ribonucleoproteins must act in concert to remove introns, whose locations are encoded by a wide array of short sequences in the pre-mRNA. In addition to the well-studied canonical splice donor/acceptor sites and branch sites, many less well-characterized elements known as exonic and intronic splice enhancers and silencers (ESEs, ESSs, ISEs, and ISSs) are also required for proper splicing (Pagani and Baralle 2004) . Considering the large fraction of each gene's sequence that is likely involved in directing the splicing machinery, it is fair to say that splicing has a substantial mutational target-that is, mutations in a sizeable fraction of positions within a gene can result in the disruption of splicing. Indeed, ;15% of known human disease-causing mutations are thought to affect splicing, and even this may be a serious underestimate (Pagani and Baralle 2004) .
Nearly all studies of the role of polymorphic transcript variation (PTV) in human disease have focused on highly penetrant Mendelian diseases caused by rare genetic variants that disrupt normal splicing (Krawczak et al. 1992; Baralle and Baralle 2005) . Such rare variants are often found within splice donor/acceptor or branch point sites and usually have a severe effect on the splicing of some exon(s). Much more challenging has been connecting common genetic variation affecting PTV to complex multigenic diseases, in large part because of the less pronounced effects such variants may have on both splicing and disease. Nevertheless, several examples of associations between common variants affecting both PTV and disease risk have been reported, including splicing of IRF5, OAS1, CTLA4, and PTPRC (formerly known as CD45) in several autoimmune diseases (Lynch and Weiss 2001; Ueda et al. 2003; Fedetz et al. 2006; Graham et al. 2007; Kozyrev et al. 2007) , and NPSR1 (also known as GPRA) in asthma (Laitinen et al. 2004) . These examples, while few in number, suggest that a systematic study of PTV may reveal more cases like these.
The cell lines genotyped by the International HapMap Consortium represent an ideal resource for investigating PTV. These 270 Epstein-Barr virus-transformed lymphoblastoid B-cell lines, representing four human populations, have been genotyped at approximately 3.1 million common single nucleotide polymorphisms (SNPs) as part of the Phase II HapMap project (The International HapMap Consortium 2007) . These cell lines have been used to study variation in gene expression levels (Stranger et al. 2007) , and a subset of the samples from a single population has been used to study PTV (Kwan et al. 2008) . Here, we examine a much larger sample of individuals from two distinct populations to more comprehensively uncover the extent of PTV, its genetic control, and its role in complex disease.
Results
To investigate the extent of PTV in humans, we analyzed a data set of approximately 1.4 million individual exon expression levels, represented by ;6 million 25-mer microarray probes, in lymphoblastoid cell lines derived from 176 humans (Huang et al. 2007 ). The cell lines have been extensively genotyped by the HapMap project (The International HapMap Consortium 2007) ; 89 are from a Yoruban population in Ibadan, Nigeria (YRI), and 87 are from residents of Utah with European ancestry (CEPH). The samples mostly consist of family trios, which are groups of two parents and one child. We used only the approximately 171,000 probe sets present in RefSeq genes and not overlapping any known SNPs; each probe set typically consists of four probes that all hybridize to a single exon. After quantile normalization, the relative expression of each probe set was estimated by dividing the probe set intensity by the overall intensity of the gene in each individual, so that differences in this normalized expression between individuals are independent of differences in ''entire gene'' expression levels ).
advantage of the family trios in the data set by comparing each normalized probe set expression level in parents and their children. The observed distribution of heritabilities (Fig. 1A , blue line) is clearly shifted toward higher values than the distribution expected by chance (Fig. 1A , red line), indicating nonrandom heritability of PTV. In fact, 38,264 probe sets (22.4%) show greater heritability than expected by chance. Gender did not associate with PTV more than expected by chance, and adjusting for gender in the heritability calculations did not substantially affect our results (see Methods and Supplemental Fig. 1 ).
To find any commonalities among the genes containing the most heritable exons, we searched the Gene Ontology (GO) (The Gene Ontology Consortium 2000) and Protein Information Resource (PIR) (Wu et al. 2003 ) databases for enrichments. Among the set of genes containing at least one of the 6536 probe sets with parent-child h 2 > 0.6 (estimated false discovery rate, [FDR] = 5.2%;
Supplemental Table 1 ), the most significant enrichment by far was for the PIR category of genes known to be alternatively spliced (P < 10 À144 ), indicating that our results are consistent with previously discovered transcript variation. This overlap may be due to a bona fide association of alternative and polymorphic splicing, or instead may be due to the fact that nearly all studies of alternative splicing across human tissues have used different tissues from different individuals, thus conflating alternative and polymorphic splicing in their analyses. Other enrichments included proteins that are phosphorylated, localize to the nucleus, or bind ATP. Well over half (62.1%) of these heritable probe sets overlap coding exons, and thus alter amino acid sequences, whereas the rest (37.9%) fall in 59-or 39-UTRs (Fig. 1B, red bars) . The strongest enrichment is in 39-UTRs, where 27.2% of the heritable probe sets reside, compared to 17.0% expected by chance (see Fig. 3A below, blue bars). This has particular implications for the interpretation of oligonucleotide microarray expression data, since probes in these arrays are usually located only at the 39-ends of transcripts; thus, a signal that appears to indicate differential expression of a gene may, in fact, indicate differential inclusion of alternate 39-UTRs. For example, 536 probe sets in the Affymetrix U133 Plus 2.0 microarray (Supplemental Table 2 ) overlap in the genome with one of the 6536 most heritable exon array probe sets, so any differences in these U133 probe sets seen in samples from different individuals should be interpreted with caution.
Polymorphisms influencing PTV
Next, we searched for polymorphisms that might influence PTV. Comparing the probe set normalized intensities to all approximately 3.1 million SNPs genotyped in these samples by the HapMap project (The International HapMap Consortium 2007), we found that the vast majority of significant correlations occurred between SNPs and probe sets in close genomic proximity, implying that the strongest effects of genetic polymorphisms on PTV occur in cis. For this reason, we restricted our analyses for each probe set to SNPs located within 100 kb of that probe set. (Although copy-number polymorphisms could cause PTV by altering the copy number of a subset of exons within a gene, we did not find any evidence supporting a widespread role for this [see Supplemental Note] .)
We compiled two lists of correlated probe set/SNP pairs, one ''high-confidence'' and one ''medium-confidence'' (see Methods and Supplemental Tables 3 and 4). The high-confidence list contains 461 probe sets (12 expected by chance, 2.6% FDR) in 380 genes correlating with 5688 SNPs, whereas the medium-confidence list consists of 1061 probe sets (94 expected, 8.8% FDR) in 793 genes and 10,206 SNPs. We assessed the accuracy of these lists in two ways. First, we tested their overlap with results from a previous, smaller study of PTV using exon microarrays (Kwan et al. 2008) and found more than 50-fold more overlap than expected by chance (see Discussion). Second, we compiled a list of 20 candidate PTV events from our medium-confidence list that were tested by real-time RT-PCR (Kwan et al. 2008) . Of the 20 candidates, 16 (80%) were confirmed as being significantly associated with nearby SNP genotypes in the CEPH cell lines. We also tested the possibility of unannotated SNPs disrupting probe hybridization and leading to spurious correlations with nearby HapMap SNP genotypes in two ways. First, we estimated that only ;8/461 probe sets in our high-confidence list would be influenced by unannotated SNPs, based on the fraction of probe sets overlapping known SNPs (which had been removed from our analysis; see Methods). Second, among our high-confidence hits tested by RT-PCR, none contained any unannotated SNPs within the probe sequences (Kwan et al. 2008) , in support of our calculations that indicated that unannotated SNPs do not present a major problem for this analysis.
The 20 most significant hits from the high-confidence list are shown in Table 1 . Nearly all (16/20, 80%) of the affected probe sets are in 39-UTRs, almost three times the frequency among all highly heritable probe sets (Fig. 1B) , suggesting that variation near the 39-ends of transcripts (including alternative 39-UTRs and alternative polyadenylation sites) tends to show the strongest genetic determination. The top two genes (IRF5 and OAS1) (Fig 2A,B ; Table 1) have both previously been shown to exhibit genetically controlled PTV in these cell lines (Bonnevie-Nielsen et al. 2005; Graham et al. 2007; Kwan et al. 2007 ). IRF5 is a transcription factor that acts downstream from Toll-like receptors and has been implicated as ) for the normalized expression of 170,956 probe sets. The observed distribution (blue line) is shifted toward higher heritabilities, as compared to the expected distribution from permutation testing (red line). Of the probe sets, 22.4% fall to the right of the expected distribution, indicating that these are more heritable than random. (B) The locations of the 6536 most heritable (h 2 > 0.6 from A) probe sets within genes. Most probe sets occur within coding exons, although more occur in 39-UTRs than expected by chance. a cause of systemic lupus erythematosus (SLE) (Graham et al. 2007) . A SNP in the polyadenylation site of the 39-UTR leads to an ;650-bp extension of the transcript in some HapMap cell lines (Graham et al. 2007 ). The most significant probe set can hybridize only to the extended transcript variant and can thus differentiate between them; as shown in Figure 2A , not a single CEPH individual overlaps in expression level of this probe set between genotypes (P < 10 À89 ). OAS1 is an enzyme involved in innate antiviral response with splice variants that are known to affect susceptibility to viral infection (Bonnevie-Nielsen et al. 2005 ) and multiple sclerosis (Fedetz et al. 2006) . The same splice site SNP known to associate with disease susceptibility was recently shown also to associate with splicing of OAS1 in CEPH cell lines (Kwan et al. 2007 ), a finding that is confirmed by our analysis (Supplemental Fig. 2 ; P < 10 À40 ). Interestingly, a probe that hybridizes specifically to yet another known splice form of OAS1 is an even stronger hit in our analysis ( Fig. 2B ; P < 10 À65 ).
Next, we examined the spatial distribution of PTV-associated SNPs. We first restricted our attention to within several hundred base pairs of the exon boundaries, a region within which nearly all previously reported splicing enhancers/silencers have been located (Ladd and Cooper 2002) . We find the greatest density of SNPs inside the exons but quite close to the exon boundaries, within 100 bp of either splice site (Fig. 3A) . The peak enrichments are even more significant when considered as proportions of all SNPs, because the overall density of SNPs is known to decrease near exon boundaries (Fairbrother et al. 2004) . Interestingly, the SNPs are not as greatly enriched in the canonical splice sites themselves, in contrast to rare SNPs that cause highly penetrant disease phenotypes by affecting splicing (Krawczak et al. 1992 ); this may be because splice site mutations tend to be drastic events that will often be selected against, and thus are underrepresented among common SNPs.
Widening the scope to examine all PTV-associated SNPs within 100 kb of each exon, it is clear that there is a strong bias for the SNPs to be located close to their associated exons (Fig. 3B , blue bars). In particular, more than a quarter (25.9%, compared to 10% expected by chance) of the SNPs are found within 10 kb of the exon's center, and more than half (54.2%, compared to 30% expected) are found within 30 kb. The fact that SNPs far away from an exon can still correlate strongly with the expression of that exon does not indicate that such distant SNPs can actually affect PTV, however, because most of these SNPs are not causal; they are simply in LD with the causal polymorphism. Whether any of the distant SNPs are, in fact, causal will be an interesting question for future research.
To test if PTV-associated SNPs may have been subject to recent positive natural selection, we compared our high-confidence SNPs to the results of two methods for detecting positive selection (known as iHS and LRH) that were recently applied to the same set of Phase II HapMap SNPs used in our analysis (Sabeti et al. 2007) . In that study, 1.7% of SNPs were characterized as having undergone strong (P < 10 À3 ) positive selection in either CEPH or YRI populations; however, 7.0% (400/5688) of the high-confidence splicing SNPs fell into these regions, a 4.1-fold enrichment. We conclude that the PTV-associated SNPs are overrepresented in regions of recent positive selection, and therefore some of the selective sweeps may have been caused by the phenotypic effects of PTV. Interestingly, tests of more ancient selective sweeps (such as high frequency derived alleles or population differentiation) (Bamshad and Wooding 2003; Sabeti et al. 2006 ; see Supplemental Note) do not yield significant overlap with the PTV-associated SNPs, suggesting that we are seeing the effects of only very recent positive selection.
PTV in complex diseases
The list of PTV-associated SNPs can also be used to help interpret results from genome-wide association studies (GWAS). The end result of a successful GWAS is a list of SNPs associated with a phenotype (usually a disease), but there is rarely any indication-beyond educated guesses of the authors-of either what genes may be involved or how those genes could be affected by the polymorphisms. Such functional information is crucial in order for GWAS to make any contribution to our understanding of disease etiologies. To determine how some SNPs implicated by GWAS might be influencing disease, we compared the list of highconfidence PTV-associated SNPs to disease-associated SNPs. We assembled a list of 73 SNPs reproducibly associated with a wide range of diseases in an unbiased compilation of 21 published GWAS (see Methods); in contrast to the 0.12 overlaps expected by chance, we observed 4 SNPs occurring in both lists, a 33-fold enrichment. All four of these SNPs were associated with autoimmune diseases, even though autoimmune disease SNPs comprised less than a third of the SNPs in our disease association list. The expected number of overlaps with autoimmune-associated SNPs was only 0.04, meaning that the four observed overlaps constituted a 100-fold enrichment for this disease class (P = 10
À7
). The four SNPs were associated with four different autoimmune diseases: Crohn's disease (CD), Type 1 diabetes (T1D), rheumatoid arthritis (RA), and ankylosing spondylitis (AS). The enrichment for autoimmune conditions was especially interesting because we were examining PTV in B-cells, a cell type intimately connected to these diseases.
Encouraged by this overlap, we extended the analysis to consider SNPs that were more weakly (P < 10 À4 ) associated with autoimmune diseases in the largest autoimmune GWAS performed to date (Wellcome Trust Case Control Consortium 2007a). Among 206 additional disease SNPs, four were also in the set of PTV SNPs, bringing the total number of overlaps to eight (20-fold greater than expected, P = 10
À8
). Although the disease associations of these four additional SNPs have not been replicated, the fact that they are also found in the list of PTV SNPs indicates that they are more likely to be bona fide disease associations than other SNPs at the same disease-association significance level.
The eight disease/PTV-association overlaps are listed in Table 2 . Two of these (IRF5 and OAS1), the two top hits genome-wide ( Fig. 2A,B ; Table 1 ), have already been convincingly associated with both polymorphic splicing and other autoimmune diseases (Fedetz et al. 2006; Graham et al. 2007; Kozyrev et al. 2007 ), so their unreplicated associations with RA and CD are quite plausible (and previous work supports the IRF5-RA association as well) ). For the four replicated disease SNPs, we implicate four genes that are all good functional candidates: ERAP1, PTPN2, CLEC2D, and TRAF1. ERAP1 (also known as ARTS-1) is an N-terminal aminopeptidase involved in immune functions, and also our third strongest hit in the entire genome (Table 1) . The same SNP is associated with both AS (Wellcome Trust Case Control Consortium 2007b) and usage of the 39-most ERAP1 splice site ( Fig. 2C ; alternate forms differ in the final nine amino acids and the entire 39-UTR; confirmed by RT-PCR) (Kwan et al. 2008) . PTPN2 is a tyrosine phosphatase with two known splice variants (Fig. 2D) , one of which localizes to the nucleus and the other to the endoplasmic reticulum (Ibarra-Sanchez et al. 2000) . The nuclear isoform is known to dephosphorylate several important targets in T-cells, including STAT1 (ten Hoeve et al. 2002) , so autoimmune disease phenotypes could certainly be influenced by the ratio of these splice forms (Todd et al. 2007) . CLEC2D (also known as LLT1) is a C-type lectin involved in immune response, and the PTV/T1D-associated SNP (Todd et al. 2007; Wellcome Trust Case Control Consortium 2007a) is at the penultimate base of its second exon (Fig. 2E) , which is the same exon covered by the significant probe set. Therefore, this may well be the causal SNP, leading to skipping of the second exon and loss of 37 amino acids from the protein. TRAF1 is a downstream effector of tumor necrosis factor receptors 1 and 2 (Lee and Choi 2007) and is an excellent functional candidate for RA ). The predicted transcript variants differ in the length of the 39-UTR (Fig.  2F) and are supported by multiple ESTs (Boguski et al. 1993 ). It is not clear what functional importance the 39-UTR may have, but a role in the translation of TRAF1 mRNA is quite possible, considering that many potential microRNA binding sites are present in the 39-UTR (Kertesz et al. 2007 ). The final two overlapping SNPs (with thus far unreplicated T1D associations) (Wellcome Trust Case Control Consortium 2007a) are close to SPG7 and POLR2B, neither of which are obvious functional candidates for T1D. SPG7, an AAA protease involved in mitochondrial ribosome assembly, is known to cause hereditary spastic paraplegia when mutated (Nolden et al. 2005) . The most significant probe set in this gene distinguishes between two known splice forms that differ by nine coding exons (Fig. 2G) . POLR2B is a subunit of RNA Pol II, and the significant probe set detects a computationally predicted coding exon near the 39-end of the transcript (Fig. 2H ).
Discussion
We have conducted the largest study of polymorphic transcript variation in any species to date. Our major conclusions are: Tens of thousands of human exons have heritable splice patterns in Bcells; more than 1000 of these heritable exons strongly correlate with nearby HapMap SNP genotypes; some PTV-associated SNPs may have been subject to strong positive selection in recent human history; and the list of PTV-associated SNPs is highly (100-fold) enriched for autoimmune disease-associated SNPs reported by recent GWAS, demonstrating that these SNPs most likely affect disease via alterations in splicing and polyadenylation site usage.
A recent paper by Kwan et al. (2008) used the same Affymetrix exon arrays on HapMap cell lines to investigate the genetic control of PTV. They found 757 probe sets with significant (FDR = 0.05) SNP genotype associations. Comparing their list with our high-confidence list of 461 significant probe sets, we find 74 overlaps, compared to 1.4 expected by chance (overlap with our medium-confidence list is 145 probe sets, compared to 3.3 expected). Even though this overlap is ;50-fold more than expected, it is still far from perfect. Reasons for the imperfect overlap may include the different distance The distribution of medium-confidence SNPs within several hundred base pairs of splice sites. The greatest densities are inside the exons (gray box), within 100 bp of the exon boundaries. (B) The distribution of (black bars) all medium-confidence SNPs, shown as the distance from the center of the affected exon. There is a peak near zero, and more than half of all SNPs occur within 30 kb on either side. (Graham et al. 2007; Kozyrev et al. 2007 ). b OAS1 splice variants have also been associated with multiple sclerosis (Fedetz et al. 2006 ) and viral infectivity (Bonnevie-Nielsen et al. 2005) .
cutoffs used (Kwan et al. included SNPs within 50 kb of each exon, whereas we looked within 100 kb); the less stringent criteria for reporting an SNP-probe set correlation in the previous study (Kwan et al. did not require two nonoverlapping probes within each probe set to each show independent agreement, so their results may be more influenced by unannotated SNPs and crosshybridization artifacts), the smaller sample size of the previous study (57 samples vs. 176 in our study), or the use of only one population (CEPH) in the previous study (Kwan et al. 2008) . We were unable to compare the heritability values we calculated to results from Kwan et al. (2008) because they did not include any family trios in their set of cell lines. Our estimate that ;22% of probe sets show heritable variation should be considered a rough estimate, because we have only examined two human populations; additional individuals and populations may reveal more PTV. And, of course, examining additional cell types will likely reveal a great deal more PTV as well. On the other hand, much like with all other studies of gene expression genetics, we do not know exactly what portion of our heritable probe sets could be due to artifacts. For example, SNPs can disrupt array probe hybridization and lead to spurious correlations; however, our stringent requirements for observing the same signal from multiple nonoverlapping probes within a probe set make our results much less susceptible to such artifacts than previous studies of genome-wide gene expression genetics (see Methods).
While the list of more than 1000 probe sets highly correlated with HapMap SNP genotypes is large compared to what was previously known, it is small in comparison to our estimate for the number of heritable probe sets. This difference may arise for a number of reasons, such as if a large fraction of PTV is caused by (1) polymorphisms not represented by the HapMap SNPs with MAF >10%; (2) multiple polymorphisms; or (3) trans-acting polymorphisms (while we did test the last of these, our power to discover trans-acting variants was low). Examining PTV in additional extensively genotyped cell lines has the potential to address all three of these potential causes.
A previous study using the same exon arrays on two HapMap CEPH cell lines (Kwan et al. 2007 ) reported finding 8771 heritable probe sets at a 1% FDR. This is somewhat greater than our figure of 6536 probe sets at a 5.2% FDR. The reason for this apparent discrepancy may be that the previous study used replicate arrays and thus may have had more statistical power to find subtle differences; or it may be because we only called heritable any probe set that was similar between parents and offspring (narrow-sense heritability), whereas they considered all differences between two cell lines (broad-sense heritability). Differences between cell lines such as those due, for example, to different Epstein-Barr virus titers or other in vitro artifacts (Choy et al. 2008 ) not inherited from parents would thus be included in their list, but not in ours.
Our results can be compared in several ways to a recent study that measured gene expression levels in HapMap cell lines, using an array with probes targeted to the 39-ends of transcripts (Stranger et al. 2007 ). First, there was a total of 608 genes whose expression levels were found to correlate with SNP genotypes in the YRI or CEPH samples, at an ;4% FDR. This FDR is in between that of the high-and medium-confidence lists, which contain 380 and 793 genes, respectively; therefore, approximately equal numbers of genes appear to be affected by each type of polymorphism (at similar FDRs). Second, the spatial distribution is much broader for SNPs correlated with overall gene expression levels (''expression SNPs'') than for PTV-associated SNPs (Fig. 3B) , consistent with the fact that gene expression can be affected by enhancers up to a megabase or more away from the gene. And third, we can ask whether expression SNPs overlap with autoimmune disease SNPs more than expected by chance. Comparing 1218 reported expression SNPs (Stranger et al. 2007 ) with the 24 confirmed autoimmune-associated SNPs, we find no overlaps. Expanding the list of expression SNPs to 11,904 (using the exon array data to calculate overall gene expression levels) (see Methods), we still find no overlaps. Expanding the list of disease SNPs to the list of 228 weaker associations (Wellcome Trust Case Control Consortium 2007a), we find two overlaps with our list of 11,904 expression SNPs and two with the published list of 1218 expression SNPs as well. One of these (rs6457617 associated with both RA and expression of HLA-DQA2) is found in both expression-associated SNP lists; however, the other overlapping SNP from the published expression SNP list (Stranger et al. 2007 ), involving SPG7 (Fig. 2G) , appears to be a case where the 39 array probe can detect only one splice variant, and thus mistakes polymorphic splicing for polymorphic expression of the entire gene (Supplemental Fig. 3 ). In summary, SNPs associated with overall expression levels of genes appear to have at most a weak enrichment for SNPs associated with autoimmune diseases, in contrast to the results presented above for PTV-associated SNPs ( Table 2) .
The great (100-fold) enrichment of disease/PTV-associated SNP overlaps above that expected by chance effectively eliminates the possibility that the SNPs could simply be in LD with two distinct causal polymorphisms (one affecting PTV, the other affecting disease), because overlaps resulting from pairs of polymorphisms in LD should not occur any more often than expected by chance. Additionally, we can rule out any chance that the PTV could occur as a downstream result of the disease, because the association between each SNP and disease is so much weaker than the association between the same SNP and PTV. Thus, our results support the only remaining causal scenario: that the PTV we see associated with disease SNPs likely contributes to the etiology of these diseases (see Supplemental Note). This hypothesis makes the testable prediction that the transcript variants we observed should be more strongly associated with the diseases than are the underlying SNPs. Our finding that all of our top three PTV associations (Table  1) -as well as several weaker hits-involve SNPs with well-established disease associations implies that our list of PTV-associated SNPs may be a rich resource for interpreting the results of many future disease association studies. Moreover, the fact that all of these PTV/disease associations involve autoimmune conditions implies that much of the PTV we have observed may be tissue specific, and therefore that catalogs of PTV from other cell types could also be quite informative for understanding diseases related to their tissues of origin.
Methods Normalization and filtering of the exon array data
The Affymetrix human exon microarray (Clark et al. 2007) (v1.0) contains approximately 6 million probes, grouped into approximately 1.4 million probe sets (typically 1 probe set for one exon). We first identified the probes contained in RefSeq transcripts (from UCSC Genome Browser, total 25,319 transcripts). The probes overlapping SNPs in the dbSNP database (release 126, total approximately 12 million) were removed from further analysis because these SNPs can disrupt hybridization of those probes and lead to false estimation of their expression levels. Because most SNPs reported only once are likely to be either incorrect or quite rare, we also curated a second list of RefSeq probes by removing only those overlapping the so-called double-hit SNPs (total approximately 5.3 million), which are reported at least twice or have a minor allele count of at least two.
The probes in different arrays were then quantile sketch normalized (Bolstad et al. 2003) . The expression levels of probe sets and genes were summarized independently using the PLIER (probe logarithmic intensity error) algorithm contained in the Affymetrix Power Tools (APT) software package. The PLIER algorithm is a modelbased method for multiple array analysis that accounts for differences in probe intensity between arrays by explicitly introducing parameters describing these differences (see http://www.affymetrix. com/support/technical/technotes/plier_technote.pdf). We calculated the normalized probe set intensity (NI) by dividing the probe set intensity by the intensity of the gene it belongs to. The purpose of the NI is to remove variation caused by changes in the overall gene expression levels ).
Analysis of heritable probe sets
To generate the blue (parent-child heritabilities) histogram in Figure 1A , we calculated the Pearson correlation between parents and children for each of approximately 171,000 probe sets passing our filters, normalized by each RefSeq mRNA in which they appear. Narrow-sense heritability is equal to twice the Pearson correlation coefficient, assuming equal variances in parents and offspring. To generate the red (randomized) histogram, we chose random pairs of individuals from the same population and plotted their heritabilities. Because we used random pairings to generate the null distribution, we expected to see a symmetric distribution with zero mean, as was observed. To adjust for gender, we used SOLAR (Almasy and Blangero 1998) , which gave results similar to the correlation metric (Supplemental Fig. 1 ), as expected since gender does not associate with PTV in this data set (0.4% and 0.5% of probe sets associated with gender at P < 0.01 in CEPH and YRI, respectively; 1% expected by chance for both).
We estimated that 22.4% of all probe sets showed higher than expected heritability by finding the point at which the distributions in Figure 1A cross, and then calculating the number of observed probe sets minus the number of expected probe sets. While we cannot predict exactly which probe sets comprise the 22.4% (since the FDR would be high), this is the best estimate we can make of the total number of heritable probe sets in the data.
One way that parent-child correlations could be higher than expected would be if trios were preferentially hybridized together in batches (known as a ''batch effect''). To ensure that this did not affect our analysis, we confirmed from the dates of array scanning in each CEL file that family members were not processed together in batches.
Searching the GO (The Gene Ontology Consortium 2000) and PIR (Wu et al. 2003 ) databases for enrichments was done using the DAVID online tool (Dennis Jr. et al. 2003 ).
Comparing PTV with genetic polymorphisms
We first calculated a Pearson correlation coefficient (r) between probe set normalized intensity and SNP genotypes for CEPH and YRI separately. The P-value for each correlation coefficient is based on the Student's t statistic t = r * sqrt[(n À 2)/(1 À r
2 )], where n is the number of pairs used in calculating r. The P-value is the cumulative probability for the absolute value of t under the Student's t distribution with n À 2 degrees of freedom. The P-values for CEPH (p c ) and YRI (p y ) are then combined using Fisher's method. The combined P-value is based on the test statistic X 2 = À2 [log(p c ) + log(p y )]. The combined Fisher P-value is the cumulative probability for X 2 under a chi-square distribution with 4 degrees of freedom. Note that the populations cannot be combined for calculating the correlation itself, because this would lead to a number of spurious correlations.
We required a MAF of at least 10% for an SNP to be eligible for testing correlations with PTV. The reason for this is that at frequencies significantly <10%, the accuracy with which P-values can be calculated by our method is lower. However, we have confirmed that for MAF >10%, this effect is negligible (data not shown).
We then compiled two lists of probe set/SNP correlations. For the high-confidence list, we excluded all probes overlapping any dbSNP entry and required the combined P-value < 10 À5.5
; for the medium-confidence list, we excluded only double-hit dbSNPs and relaxed the cutoff to a combined P-value of 10 À4.5
. For the highconfidence list, we additionally excluded probe sets with any possibility of cross-hybridization (as determined by Affymetrix) and probe sets not expressed above background in at least half of the samples, and required at least two nonoverlapping probes within the probe set at r > 0.3 (P < 0.002) in at least one population. The rationale behind requiring two nonoverlapping probes to agree is that even after excluding all dbSNP entries, there are still unknown SNPs that could affect our results by disrupting the hybridization of probes; but at least two unknown SNPs would be required to affect two nonoverlapping probes. This is expected to be quite rare: We found that only 50 out of approximately 180,000 probe sets within RefSeq genes contained multiple nonoverlapping probe sets that both contained HapMap SNPs and correlated with nearby SNPs at our high-confidence thresholds. Since the Phase II HapMap contains about half of all common SNPs and dbSNP contains ;80% (Sabeti et al. 2006) , we expect to see only ([1 À 0.8]/0.5) 2 * 50 = 8 false positives in our highconfidence list due to unknown SNPs. (The term is squared because two SNPs are required to disrupt nonoverlapping probes, so even though there are expected to be (1 À 0.8)/0.5 = 0.4 times as many unknown common SNPs as HapMap SNPs, there should be only ([1 À 0.8]/0.5) 2 = 0.16 times as many pairs of disrupted probes.) Any bias among HapMap SNPs toward being located in exons will make this analysis conservative since it will increase the frequency of HapMap SNPs falling within probe sets. Rare SNPs do not present a problem for our analysis because they will almost never be present in more than two (a parent and child) of our 176 samples. Many probe sets contain only overlapping probes by design, so for the medium-confidence list, we relaxed the requirement of at least two nonoverlapping high correlation probes, including probe sets with all probes r > 0.4 in at least one population.
To calculate the expected number of false positives in each list, we needed to take into account the trio family structure of the data, since because of this structure, the 176 cell lines do not actually represent 176 independent samples. To account for this, we performed a permutation test in which genotypes were swapped randomly between entire trios, instead of for each individual separately (as is usually done). By swapping entire trios, we preserve the family structure and calculate accurate false positive rates. Importantly, this permutation strategy also controls for hidden biases that may be present at any step of the analysis.
Genome-wide association studies
Our list of disease-associated SNPs come from 21 GWAS found in an unbiased literature search conducted in October 2007 (Buch et al. 2007 ; Diabetes Genetics Initiative of Broad Institute of Harvard and MIT 2007; Easton et al. 2007; Frayling et al. 2007; Gudbjartsson et al. 2007; Gudmundsson et al. 2007; Hunter et al. 2007; McPherson et al. 2007; Moffatt et al. 2007; Plenge et al. Scott et al. 2007; Sladek et al. 2007; Steinthorsdottir et al. 2007; Todd et al. 2007; Tomlinson et al. 2007; van Heel et al. 2007; Wellcome Trust Case Control Consortium 2007a,b; Winkelmann et al. 2007; Zanke et al. 2007; Zeggini et al. 2007 ). Any SNPs not included in HapMap Phase II or refuted in subsequent studies were excluded.
Incidentally, the ERAP1 association was found in a scan of 14,500 missense SNPs (Wellcome Trust Case Control Consortium 2007b) . This subset of SNPs was examined under the expectation that they would be enriched for functional variants that exert their phenotypic influence by altering single amino acids. However, we believe that in the case of ERAP1, the causal polymorphism is more likely to act through altering usage of the 39-most splice site because this introduces what is likely to be a more substantial change (deleting seven amino acids and altering two more, as well as changing the entire 39-UTR) than a single amino acid alteration. Of course, this is not mutually exclusive with a mechanism of action that also includes effects of a single amino acid change resulting from a missense SNP. More detailed analysis of this region will be required to distinguish between these possibilities.
To calculate the expected overlap between the PTV-associated SNPs and disease-associated SNPs, we tested the null hypothesis that these lists would overlap no more than two randomly generated lists of HapMap SNPs of the same size. This null hypothesis is appropriate because the criteria used in deciding which SNPs are eligible for being PTV-associated or being disease-associated are independent. Therefore the expected overlap between, for example, 46 disease SNPs and 5688 PTV SNPs, given approximately 3.1 million HapMap SNPs, is 46 * 5688/3.1e6 = 0.08.
